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OBJECTIVE — We examined whether proteomic technologies identify novel urine proteins
associated with subsequent development of diabetic nephropathy in subjects with type 2 dia-
betes before evidence of microalbuminuria.

RESEACH DESIGN AND METHODS — In a nested case-control study of Pima Indians
with type 2 diabetes, baseline (serum creatinine �1.2 mg/dl and urine albumin excretion �30
mg/g) and 10-year urine samples were examined. Case subjects (n � 31) developed diabetic
nephropathy (urinary albumin–to–creatinine ratio �300 mg/g) over 10 years. Control subjects
(n � 31) were matched to case subjects (1:1) according to diabetes duration, age, sex, and BMI
but remained normoalbuminuric (albumin–to–creatinine ratio �30 mg/g) over the same 10
years. Surface-enhanced laser desorption/ionization time-of-flight mass spectrometry (SELDI-
TOF MS) was performed on baseline urine samples, and training (14 cases:14 controls) and
validation (17:17) sets were tested.

RESULTS — At baseline, A1C levels differed between case and control subjects. SELDI-TOF
MS detected 714 unique urine protein peaks. Of these, a 12-peak proteomic signature correctly
predicted 89% of cases of diabetic nepropathy (93% sensitivity, 86% specificity) in the training
set. Applying this same signature to the independent validation set yielded an accuracy rate of
74% (71% sensitivity, 76% specificity). In multivariate analyses, the 12-peak signature was
independently associated with subsequent diabetic nephropathy when applied to the validation
set (odds ratio [OR] 7.9 [95% CI 1.5–43.5], P � 0.017) and the entire dataset (14.5 [3.7–55.6],
P � 0.001), and A1C levels were no longer significant.

CONCLUSIONS — Urine proteomic profiling identifies normoalbuminuric subjects with
type 2 diabetes who subsequently develop diabetic nephropathy. Further studies are needed to
characterize the specific proteins involved in this early prediction.
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D iabetic nephropathy from type 2 di-
abetes is the most common cause of
end-stage renal disease in the U.S.

(1); however, less than half of all subjects

with type 2 diabetes develop diabetic ne-
phropathy. Traditionally, incipient ne-
phropathy is defined by the appearance of
microalbuminuria (urine albumin excre-

tion 30 –300 mg/24 h), which can
progress to macroalbuminuria (�300
mg/24 h) and subsequently to kidney fail-
ure (2). The presence of microalbumin-
uria, however, does not correlate well with
underlying glomerular damage, since di-
abetic subjects with microalbuminuria
display tremendous heterogeneity when
concomitant biopsies are examined (3–
8). Furthermore, in type 2 diabetic sub-
jects, the presence of microalbuminuria is
often a better predictor of cardiovascular
disease than of diabetic nephropathy (9).

Glomerular and tubular damage re-
sulting from type 2 diabetes occurs over
several years, and it is possible that the
excretions of glomerular and tubular pro-
teins antedate the development of mac-
roalbuminuria and perhaps even the
development of microalbuminuria. The
advent of novel, highly sensitive technol-
ogies such as proteomic profiling may
identify urinary proteins associated with
development of diabetic nephropathy
well before any clinically identifiable al-
teration in kidney function or urine albu-
min excretion occurs. To test this
hypothesis, we compared urinary pro-
teomic profiles among Pima Indians with
type 2 diabetes and normal urinary albu-
min excretion, who were followed for 10
years, for the development of diabetic
nephropathy.

RESEARCH DESIGN AND
METHODS — Pima Indians and the
closely related Tohono O’odham (Pa-
pago) Indians, who live in the Gila River
Indian Community in central Arizona,
participate in a comprehensive longitudi-
nal diabetes study (10). Since 1965, each
member of the population aged �5 years
is invited to have a research examination
approximately every 2 years. These exam-
inations include measurements of venous
plasma glucose, obtained 2 h after a 75-g
oral glucose load, and an assessment of
various complications of diabetes. Diabe-
tes is as diagnosed by World Health Or-
ganization criteria (11), and the date of
diagnosis is determined from these re-
search examinations or from review of
clinical records if diabetes is diagnosed
between research examinations in the
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course of routine medical care. A urine
specimen is collected at each examination
and is assayed for albumin concentration
with a nephelometric immunoassay using
a monospecific antiserum to human albu-
min (12) and for creatinine concentration
using a modification of the Jaffe method
(13). Albumin excretion is expressed as
the ratio of urinary albumin to urinary
creatinine (in milligrams per gram) from a
single untimed urine specimen.

Urine samples were collected at base-
line and 10 years later in 31 case subjects
and 31 contemporaneous control sub-
jects matched for age (�5 years), sex, du-
ration of diabetes (�5 years), and BMI
(�5 kg/m2). The two populations were
defined as follows.

Case subjects
Case subjects included type 2 diabetic
Pima Indians who were normoalbumin-
uric (albumin-to-creatinine ratio �30
mg/g), had a normal serum creatinine
concentration (�1.2 mg/dl) at baseline,
and progressed to diabetic nephropathy
within 10 years.

Control subjects
Control subjects included type 2 diabetic
Pima Indians who were also normoalbu-
minuric and had a normal serum creati-
nine concentration (�1.2 mg/dl) at baseline
but remained normoalbuminuric after 10
years.

Proteomic profiling
Proteomic profiling using surface-
enhanced laser desorption/ionization
time-of-flight mass spectrometry (SELDI-
TOF MS) (Ciphergen, Fremont, CA) was
performed on baseline urine samples col-
lected and stored at �80°C. Protease in-
hibitors were not added to urine samples
at the time of collection. SELDI-TOF MS
was carried out in duplicate on Ciphergen
ProteinChips to capture subsets of pro-
teins based on specific characteristics
including affinity, charge, and hydropho-
bicity. The methods involve using an op-
timized, fully automated protocol on a
liquid-handling robot (Biomek FX; Beck-
man Coulter, Chaska, MN) as previously
described (14).
Cationic exchange chromatography
chip. Weak cationic exchange chroma-
tography protein arrays (CM10 Protein-
Chip arrays; Ciphergen) were pretreated
with 10 mmol/l HCl for 5 min and then
rinsed with high-performance liquid
chromatography– grade water. Subse-
quently, the arrays were loaded onto a

192-well bioprocessor and equilibrated
with 20 mmol/l ammonium acetate/0.1%
Triton X-100 (Sigma), pH 6.0. Ten micro-
liters of cell lysate and 50 �l of 20 mmol/l
ammonium acetate/0.1% Triton X-100
were dispensed onto each array spot and
incubated for 1 h. The incubation com-
prised 60 cycles of pipetting the sample
mixture up and down for 30 s. Array spots
were washed three times for 5 min with
75 �l of 20 mmol/l ammonium acetate/
0.1% Triton X-100 and once for 5 min
with 75 �l water.
Immobilized metal affinity chromatog-
raphy chip. Immobilized metal affinity
capture arrays (IMAC30 ProteinChip ar-
rays; Ciphergen) were incubated with
100 mmol/l CuSO4 for 25 min and loaded
onto a 192-well bioprocessor. Subse-
quently, the arrays were equilibrated with
50 mmol/l NaCl and 100 mmol/l
NaH2PO4, pH 7.0. Ten microliters of cell
lysate and 40 �l of 50 mmol/l NaCl and
100 mmol/l NaH2PO4, pH 7.0, were dis-
pensed onto each array spot and incu-
bated for 1 h. Array spots were washed
three times for 5 min with 75 �l of 500
mmol/l NaCl and 100 mmol/l NaH2PO4,
pH 7.0, to remove nonspecifically bound
proteins and then washed for 5 min with
75 �l water.
Application of matrix molecule. Sina-
pinic acid (Fluka, Buchs, Switzerland),
the matrix molecule, was prepared as a
saturated solution in 50% acetonitrile/
0.5% trifluoroacetic acid and then diluted
1:1 in 50% acetonitrile/0.5% trifluoroace-
tic acid. After air-drying the arrays, twice
with 1 �l and twice with 0.75 �l sinapinic
acid, they were dispensed to each spot
of the hydrophobic, cationic exchange,
and IMAC (immobilized metal ion affin-
ity chromatography) arrays, respectively,
again using the Biomek FX equipped with
a 96-channel 200-�l head. The arrays
were air-dried again and immediately
analyzed.
Detection of protein peaks. Individual
protein peaks, which represent polypep-
tides of the same or similar molecular
weight, were detected using the Cipher-
gen Biomarker Wizard software. To iden-
tify distinct and significant peaks, a
signal-to-noise ratio cutoff of 2 was re-
quired, which selects only peaks with sig-
nal levels significantly above the
calculated background noise (14). Urine
samples were interrogated for the full
range of protein peaks with molecular
mass between 2,000 and 40,000 Da. The
urine protein peak data were normalized
using the total ion current method as pre-

viously described (14). Following the
manufacturer’s specifications, the nor-
malization step was corrected for the
baseline by excluding noise from the ma-
trix molecule between 0 and 2,000 Da.
The average intra-assay coefficient of vari-
ation was �20%, which is within the
range for surface-enhanced laser desorp-
tion/ionization studies. All analyses were
conducted with and without normaliza-
tion for urine creatinine concentrations.
Dataset split. A predictive peak signa-
ture was defined as a subset of measured
peaks that could be used to predict
whether a sample would develop diabetic
nephropathy based on the sample’s base-
line urine protein profile. To identify a
predictive peak signature that could be
tested on an independent set for its accu-
racy, subjects were randomly divided into
a training set and a validation set. The
training set was used to ascertain the pre-
dictive signature, which was then applied
to the independent validation set that had
not been used in the initial identification
of the predictive signature. The training
set consisted of 14 case samples and
matched controls, and the validation set
consisted of 17 case samples and matched
controls. The mean � SD duration from
documentation of normoalbuminuria to
evidence of overt nephropathy for the
case samples in the training and valida-
tion sets were similar (119.64 � 7.29 vs.
120.88 � 5.82 months, P � 0.05).
Class prediction. A set of descriptive
peaks on the training set were identified
using Student’s t tests and a threshold of
P � 0.05. The descriptive peaks were re-
fined using the accuracy of its subsets as
predictor peaks on the training set. The
best-performing (with the highest leave-
one-out accuracy) subset of the descrip-
tive peaks was chosen as the predictive
profile and was subsequently applied to
the independent validation set. Class pre-
diction was examined using the weighted
voting algorithm, a sample was left out,
and a predictor set of peaks that distin-
guished the two groups was built and
used to predict the class of the sample left
out (15). The procedure was cycled
through all of the samples individually.
The accuracy of the predictor was calcu-
lated by counting the total number of cor-
rectly predicted samples left out. The P
value for the predictor accuracy was cal-
culated using Fisher’s exact test, and
multivariate analysis to control for con-
founding was carried out using binary lo-
gistic regression with categorical or
continuous covariates, as appropriate.
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Clustering. A hierarchical clustering
technique was used to construct an
unweighted pair group method with
arithmetic-mean tree using Pearson’s cor-
relation as the metric of similarity (16).
This tree represents the similarity be-
tween samples based on the proteome
profile observed on the chips for the pre-
dictive peak set.

RESULTS

Demographic characteristics at
baseline and follow-up
Baseline and follow-up characteristics of
the 31 case and 31 control subjects are
shown in Table 1. At baseline, the two
groups were similar with respect to most
characteristics (age, sex, blood pressure,
serum creatinine, and urine albumin–to–
creatinine ratios) except for A1C levels,
which tended to be higher in case sub-
jects. Furthermore, at baseline, five con-
trol and four case subjects were taking
some form of antihypertensive medica-
tion, and eight control and four case sub-
jects had documented evidence of
nephropathy. At follow-up, case subjects
had significantly higher blood pressures,
A1C levels, and, as expected, urine albu-
min-to-creatinine measures.

Protein profiling results
Mass spectrometric analysis of all 62 sam-
ples by SELDI-TOF MS detected 714
unique protein peaks (337 on the CM10
chip and 377 on the IMAC30 chip) in
urine samples. The intensity for each of

the 714 peaks on all 62 samples was ana-
lyzed based on the area under the spectra
of the interrogated peak.

Training set
Using the prespecified threshold of signal-
to-noise ratio of 2 and P � 0.05, 28
unique peaks differentiated 14 case sam-
ples from their respective 14 matched
controls in the training set. These peaks
were further refined using hierarchical
clustering into a 12-peak predictive sig-
nature based on their prediction accuracy
in the training set. This 12-peak signature
displayed 93% sensitivity, 86% specific-
ity, and 89% leave-one-out cross-

validation accuracy (25 out of 28
predicted accurately, P � 0.001) for the
development of diabetic nephropathy.
Normalizing the protein signature results
for urine creatinine concentrations
slightly improved the accuracy from 89 to
93%. Peak intensity values along with
sample parameters and prediction results
can be found in online supplementary
data at http://www.bidmcgenomics.org/
dNephropathy/index.html.

Hierarchical clustering of the samples
in the training set using the 12-peak sig-
nature is shown in Fig. 1. Case and con-
trol samples are represented in columns,
and each row in the colorgram represents
a peak in the protein signature. Peak in-
tensity values mapped to the [�2,2] in-
terval are color coded, with red and green
indicating an increase and decrease in
peptide’s abundance, respectively. Peaks
are labeled to denote the chip surface, and
the molecular weight corresponding to
the size of each peptide is identified. For
example, peak label CM3807_04 denotes
a peptide detected on the CM10 array
chip at a molecular weight of 3,807.04
Da. In Fig. 2, tracings from the SELDI-
TOF spectra for one representative peak
(CM3807_04) in 10 samples (5 control
and 5 case) from the training group are
highlighted. As suggested by the color-
gram in Fig. 1, this peptide is elevated in
case but not in control samples.

Validation set
The 12-peak signature was tested against
samples in the validation set, consisting of
17 case samples and their respective
matched controls. The overall accuracy

Figure 1—Hierarchical clustering of the case (N) and control (C) samples in the training set
using the 12-peak signature. Rows represent individual peaks in the intensity values, which are
normalized to [�2,2] as shown in the scale at the bottom. Peak labels represent the chip on which
the peak was detected (IM for IMAC30, CM for CM10) followed by the molecular weight for the
detected peak. Red denotes an elevation while green denotes a decrease in expression.

Table 1—Clinical characteristics of the subjects at baseline and follow-up

Case subjects
Control
subjects

n 31 31
Baseline characteristics

Age (years) 36 � 10 37 � 8
Sex (% female) 80 80
Systolic blood pressure (mmHg) 120 � 16 121 � 19
Diastolic blood pressure (mmHg) 74 � 12 74 � 11
Serum creatinine (mg/dl) 0.66 � 0.14 0.71 � 0.11
A1C (%) 9.9 � 2.5* 8.0 � 2.7
Urine albumin–to–creatinine ratio (mg/g) 14 � 9 11 � 6

Follow-up characteristics
Age (years) 52 � 9 51 � 9
Systolic blood pressure (mmHg) 138 � 19* 124 � 20
Diastolic blood pressure (mmHg) 78 � 10* 73 � 11
Serum creatinine (mg/dl) 0.80 � 0.32 0.75 � 12
A1C (%) 10.3* 9.0
Urine albumin–to–creatinine ratio (mg/g) 1,504 � 1,936* 16 � 7

Data are means � SD unless otherwise indicated. *P � 0.05.

Proteomics and diabetic nephropathy
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was 74% (25 of 34 correctly predicted,
P � 0.01), with a sensitivity of 71% and a
specificity of 76%.

Multivariate analysis
The distribution of factors known to be
associated with diabetic nephropathy be-
tween case and control subjects was ex-
amined in detail. Most characteristics,
including blood pressure and blood pres-
sure medication use, did not differ at
baseline between the two groups. Alterna-
tively, case subjects demonstrated higher
A1C levels compared with control sub-
jects (Table 1). In a multivariate binary
logistic regression model adjusting for
baseline A1C, the surface-enhanced laser
desorption/ionization 12-peak signature
was independently predictive of diabetic
nephropathy in the validation set (odds
ratio [OR] 7.9 [95% CI 1.5–43.5], P �
0.017), as well as when all subjects were
combined (14.5 [3.7–55.6], P � 0.001),
and in both analyses A1C was no longer
significantly associated with subsequent
diabetic nephropathy.

CONCLUSIONS — In this well-char-
acterized, nested case-control study of
Pima Indians with type 2 diabetes, a 12-
peak urine protein signature distin-
guished patients who went on to develop
diabetic nephropathy from those who did
not within a 10-year period. Importantly,
the urine protemic signature we identified
was obtained from urine specimens col-
lected when subjects were normoalbu-
minuric and had normal renal function
and antedated the development of diabetic
nephropathy by �10 years. Furthermore,
this protein signature appeared to be in-
dependently associated with the develop-
ment of diabetic nephropathy even after
accounting for potential confounders, the
most evident being A1C level. This 12-
peak protein signature, although inter-
nally valid for this unique subset of Pima
Indians, needs to be further validated in a
larger group of patients with type 2 dia-
betes to assess its generalizability.

As a result of studies suggesting that
early intervention delays the progression
of diabetic nephropathy (17), practice
guidelines from the American Diabetes

Association (9) currently recommend
routine screening for albuminuria in all
newly diagnosed patients with type 2 di-
abetes. Nevertheless, there is an unmet
need for new biomarkers due to the limi-
tations of albuminuria to predict the de-
velopment of incipient nephropathy.
Proteomic approaches have the potential
to identify novel low–molecular weight
biomarkers in an unbiased way, since the
entire proteome can be evaluated. Indeed,
the peptides or proteins we identified may
represent novel proteins in the prediction
of diabetic nephropathy or, alternatively,
may represent fragments of known pro-
teins including albumin (18,19). Regard-
less of their origin, however, their
presence appeared to predict subsequent
development of diabetic nephropathy be-
fore the threshold of microalbuminuria
was reached. Finally, given the complex
biology of diabetic nephropathy, the
combination of several markers in a pro-
teomic signature is likely to be more
predictive than individual biomarkers
(20,21).

The primary limitation of proteomics
approaches, in general, and SELDI-TOF
MS, in particular, is the dynamic range
of proteins within the proteome that can
be interrogated. By using whole urine or
serum, low–molecular weight proteins
(e.g., �20–30 kDa) present in significant
abundance in complex fluids can be de-
tected, whereas other potentially inter-
esting biomarkers may be beyond the
limit of detection (20,22). Despite these
limitations, SELDI-TOF MS has been
successfully used to generate disease-
specific protein profiles in large-scale
studies. With such profiles, six indepen-
dent research groups were able to distin-
guish ovarian, prostate, breast, and
hepatocellular cancer patients from
healthy individuals with high sensitivity
and specificity (23–27). The use of pro-
teomic technology in kidney transplanta-
tion revealed urinary biomarker profiles
whose detection distinguished kidney
transplant patients with no rejection from
those with acute rejection (27,28). These
results suggest that protein profiles may
become a new, powerful high-through-
put tool for the early detection of disease
states.

This study has potential limitations
that should be acknowledged. Character-
istics linked with diabetic nephropathy
among Pima Indians with type 2 diabetes
include duration of diabetes, BMI, blood
pressure, and glycemia control (29,30).
Although we matched most of these

Figure 2—Trace view for one representative
peak CM3807_04 from the 12-peak signature.
The detection level for the peak in five case (N)
and five control (C) subjects in the training set
is shown. Case subjects demonstrate higher
peaks than control subjects in accordance with
the heat map shown in Fig. 1.
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baseline characteristics, we could not
match for A1C levels and retain a suffi-
cient sample size. Thus, we adjusted for
A1C in the multivariate analyses and
found that the 12-peak signature re-
mained independently associated with di-
abetic nephropathy, while baseline A1C
lost its significance. While this may be
due to reduced power, it also raises the
possibility that the proteomic signature
was linked to both glucose control and
risk of diabetic nephropathy. Although
we uniformly performed proteomic anal-
yses on baseline samples, we could not
test follow-up samples because commu-
nity members were not required to have
extra samples collected at each 2-year in-
terval after their baseline visit. Neverthe-
less, each had follow-up urine specimens
examined for albumin and creatinine to
verify nephropathy status. Since we did
not test multiple samples, the degree of
stability of proteomic profiles during the
storage period is unclear. However, given
the similarity of collection and storage for
all samples, marked instability or urine
protein variations would have led to ran-
dom misclassification and reduced our
ability to identify important predictive
protein signatures. In light of our positive
findings, we believe protein instability or
urine protein variations were not signifi-
cant limitations. Finally, survival bias may
have affected these results because all
subjects were required to have baseline
and follow-up samples in order to be in-
cluded in this study.

In conclusion, we applied a high-
throughput proteomic approach to the
evaluation of urine samples from type 2
diabetic patients and identified a protein
profile that accurately predicted ne-
phropathy in advance of an increase in
albuminuria. These results warrant fur-
ther studies to determine the applicability
of this approach within other popula-
tions, and, more specifically, within other
larger cohorts of diabetic patients with
prospectively collected samples. Finally,
further characterization and evaluation of
the proteins in the biomarker profile are
needed to demonstrate whether they are
biologically important in the develop-
ment of nephropathy.
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